Abstract. To perform non-destructive testing (NDT) of weld beads in the wild environments, we proposed an approach by defining cascaded spatial-temporal Hidden Markov Models (HMMs) on a structured light device. Structured light stripes projected on weld beads are firstly extracted with a spatial HMM (S-HMM) defined on the spatial characteristics of stripes. A measurement function is then defined to detect candidate positions of weld beads in video frames according to the extracted stripes. Finally, based on the candidate positions and utilizing continuous characteristics of weld beads, a temporal HMM (T-HMM) is defined to precisely localize and measure weld beads in video sequences. Experiments show that the proposed approach can effectively localize weld beads and then navigate the robot (a moving platform for inspection) in wild environments.
Introduction
Automatic inspection of weld bead can replace human inspectors, decrease the cost of inspection process and improve the inspection quality. In various weld bead inspection systems, structured light vision based weld bead detection plays an important role which ensures the moving robot follows weld bead and executes inspection. Comparing with other kinds of sensors, such as touch sensor [1] , distance sensor [2] and monocular vision sensor [3] , the structured light sensor is more simple and non-contacting and has more robustness to environment interference.
In this paper, we designed a structured light platform and proposed cascaded HMMs robustly localize weld beads on a moving wall-climbing robot in the wild environments. The problem of the stripe extraction is formulated in an S-HMM framework, in which edge features of image are used as the observation and colour features together with pixel locations are used to calculate the transition probability. On the extracted stripe, a measurement function on area, colour and stripe width are defined to find approximate position of weld bead in each frame. To filter out random noise, these positions in video frames are fed into a designed T-HMM for filtering and detection, with defined observations and transition probability on stripe locations, width and colour similarity. The cascaded spatial-temporal HMMs (ST-HMMs) can incorporate both the spatial and temporal characteristics of weld line stripes in an optimal framework, which can greatly improve the robustness to noise, illumination and irregular motion from the platform.
In [4] , a HMM based on spatial and temporal constraints is used to detect archive film defective pixels; authors adopt a Markov Random Field and the pyramidal Lucas-Kanade feature tracker [5] to impose temporal constraints and eliminate false detections. Our approach is different with [4] on both experimental environment and implementation details. On a moving robot platform, both weld bead and their background are changing. HMM parameters estimated by a Baum-Welch algorithm cannot adapt to the changing well. We propose a new parameter estimation strategy and then use the Viterbi decoding to find the optimal solutions.
Structured Light Sensor Platform
As shown in Figure 1 , the structured light sensor platform composed of a cross laser projector and a CCD camera. The laser projector is fixed perpendicularly to the weldment surface, while there is a 45 degree angle between the axis of the camera and the projector. The projector projects two orthogonal light beams onto the weldment surface to form two orthogonal red laser stripes that is captured by the camera. In general, because the weld beads have convexity and are higher than metal surface of both sides of bead, there are convex arcs on the strips around the weld beads. When the sensor device is close to an intersection of a vertical and a horizontal weld lines, two convex arcs will appear on the strips in the captured images, according to the optical reflection principle. This characteristic enables us to detect single and cross weld beads, respectively.
Temporal HMM Based Weld Bead Localization
On the detected stripe, weld bead locations can be determined by detecting the convex arc. We first use Hough transform to detect. Then we define the following measurement to locate weld bead candidates on the detected stripe.
(1) where w denotes the current window with a width |w|, 2  is the variance of values of the distance from the points on convex arc to the base line in the window, s(w) is the area of the closed region between the convex arc and the base line (equal to the number of pixels in the region), and p(ω(t)|ω(t-1)) is the transition probability defined. The larger the value of M(w), the more likely the current window w compares to a weld bead. Because weld bead shapes may be irregular and can have bite side, weld tumour or hollow, using one window of maximum value of M(w) is not robust. In order to solve this problem, according to (1), those windows, whose locations, areas, colors and widths are similar with convexity of the weld bead, should be considered. Therefore, when locating weld bead, a sliding window search is used over different window width values. The windows with the local maximum value M(w) are detected as weld bead candidate locations and inputted into the T-HMM with spatial and temporal constraints for weld bead detection, as shown In successive T frames, the weld bead locations can form a state sequence w n (t)={w n (1),…,w n (T)}. At each time step t (the t th frame), there are N states w n (t)={w 1 (t),…,w N (t)} corresponding to N weld line candidates located using (1), where n denotes the index of the states in each time step corresponding to a candidate location of weld bead on laser stripe at time step t and T denotes the time sequence length (number the frames). And w n (t) is nonhomogeneous. However, we can convert it into a homogeneous by inserting zeros to some steps so that we have N max =max(N(t)), t=1,…,T, states in each time step. The probability that the model produces a sequence V T of visible states is described as:
(2) Similar S-HMM, the state probability is initialized as P(w(1))=1/T. Let |W t-1 | denote candidate window width, δ w (t) denotes the first left point of window w n (t) at time step t. and Δ t-1 is the first left point of weld bead at time step t-1. Then the observation probability is defined as
where H min and H max are two thresholds of w n (t), which are equal to width of candidate weld line windows. H min and H max are two empirically determined thresholds. If none of windows is classified as weld bead, i.e., P(v(t)|w(t))=0.0 at time step t, the weld bead location of current frame is replaced by the weld bead location of previous frame.
The transition probability of the states w i (t-1) and w j (t) between adjacent frames is defined as
(4) where () st describes the area of the closed region between the convex arc and the base line in frame t, as defined. μ is a coefficient reflecting the importance of transition among frames. Considering the robot's speed and direction, there is a difference between the transition probabilities of horizontal and vertical laser stripes. (x l , y l ) and (x r , y r ) are coordinates of left and right endpoints. In the laser stripe of u direction, d l and d r denotes the Euclidean distance of left and right endpoints of two observation window in t th and (t-1) th frame, as follows: 
(5) When defining the transition probability for v direction laser stripes, we need to consider the movement of the robot. Given the above definitions, the problem of weld bead detection is solved by maximizing (2), which is also formulated as a dynamic programming problem and can be solved by a Viterbi decoding algorithm. After a Viterbi decoding procedure, tracked locations of weld bead in successive video frames are obtained.
Experiments
The proposed approach is tested on four video sequences captured from a mobile experiment platform. We use two experiments to evaluate our proposed approach and compare it with other method. The algorithm is implemented in C++ and run with an Intel Core i3-2130CPU of 3.4GHz. In the structured light platform, a 650nm laser projector and a colour camera of SONY 1/4-inch CCD are used. By manually marking the ground-truth in 1000 video frames from the captured video sequences in wild environments, we evaluated the proposed approach.
Weld Bead Detection
To evaluate the accuracy of the ST-HMMs method, we use the location error of two endpoints (two intersections between a laser stripe and both weld toes of a wild bead) as a measure. As shown in Figure 3a , two endpoints A and B corresponding to the intersection points between the weld toes and the laser stripe are defined. Detection performance is evaluated on these two points separately, using Euclidean distance between the points of the ground-truth and detection results.
When detecting the weld bead, random noise, such as illumination variation or surface defect of the weld bead may introduce the new detection error. However, the HMMs guarantee fast convergence of error. It can be seen in Figure 4 that the errors of our approach are relatively small.
It can be seen in Figure 4a and b that the detection error of point B is a little larger than the one of point A. In the experimental setting, the right side of the weld bead is closer to the image edge which introduces radial distortion, and makes the intensity of laser stripe on point B is lower than the one of point A. This implies that laser stripes at point B have a lower signal-noise-ratio than that on point A, and consequently the detection error of point B is larger than that of point A. The results of weld width measurement are also used to evaluate the proposed approach. We calculated the distance d between point A and B, as shown in Figure 3a . Then the distance d is transformed from the image coordinate system to the world coordinate system to get the weld width. In the same location of the weld line, we used a vernier caliper to measure the weld width, as shown in Figure 3b , for comparison.
In Figure 5a , we compare the weld width measurement results by the HMMs based approach and mechanical measurement. The measurement errors of the two methods are shown in Figure 5b . In general, the average error, as shown by a polynomial fitting curve (the dashed curve) in Figure 5b , is much smaller than 10mm, which is in allowable error. It can be seen in Figure 5b that there are small errors in most of the frames which are introduced by environmental noise and the error of camera calibration.
A statistical analysis of minimum, maximum, average error and error rate is given in Table 1 . When using the S-HMM for weld line detection without using the T-HMM, a window of maximum value of (1) is selected in one frame. It can be seen that the performance of weld line tracking is greatly improved after the temporal filtering. When using the measurement results of vernier caliper as the ground-truth, the ST-HMM reduces the error of S-HMM from 6.0mm to 3.3mm and the detection error from 14.0% to 3.6%. This performance can feed the system requirement. 
Elimination False Detections
In Figure 4 , it can be see that there are large errors in some frames. By analysis, it is found that the errors arise from the missing of candidates in the video frames. In (8) (2), (3) and (4) . To reduce the large errors, we proposed an interpolation strategy. In practice, the weld bead should be continuous and approximately straight while the speed of the robot is about 30mm per second (about 1.5mm per frame given a video frame rate of 20fps). This indicates that the change of stripe location will be very small in two successive frames. Therefore, when we cannot detect any candidate in a frame, we use the localized weld bead in previous location as an interpolation. This guarantees the smooth of results and enables approach to avoid large errors in most of the frames, as shown in Figure 6a . In Figure 6b , we show some detection results on video frames captured from a wild environment. The first and third rows are frames containing high light and weld defects. Second and fourth rows are tracking results of the first and third rows, respectively. For the high illumination and a large number of noises in these frames, robustness of our approach is embodied.
Conclusions
In the paper, we proposed a HMM based with spatial and temporal constraints weld dead detection approach on the structured light platform. The defined S-HMM can extract laser stripe in each video frame and the T-HMM can detect weld bead in a video sequence. Proper observation and transition probability for both S-HMM and T-HMM are defined when detecting laser stripes and detecting weld bead.
On practical video sequences from a moving inspection platform, we validate the effectiveness of the proposed approach when detecting weld bead in even noisy background. Experiments show that we can extract laser stripe more accurately using S-HMM, and we further improve the robustness and accuracy of weld bead location in successive video frames using T-HMM.
In the future, more test and improvement of the approaches in practical applications will be carried out. We can also extend the proposed ST-HMMs as a general methodology for detection and measurement problems in other industry applications. 
